Social status, referred to as the relative rank or position that an individual holds in a social hierarchy, is known to be one of the most important motivating forces in social behaviors. However, we have limited knowledge of how social status drives human behaviors in society, which have dynamic effects on promotion or demotion of individual status. The communication logs in enterprises provide us a great potential to reveal how social interactions and individual status manifest themselves in social networks. Herein, we use two enterprise datasets with three communication channels -voice call, short message, and email -to demonstrate the social behavioral differences between individuals with different status. On the individual level high-status users are more likely to be spanned as structural holes by linking to people in parts of the enterprise networks that are otherwise not well connected to one another. On the community level the principle of homophily, social balance and clique theory generally indicate a "rich club" maintained by high-status users, in the sense that this community is much more connected, balanced and denser. The proxies that derived from communication behaviors further draw out the inference about 93% of users social status in enterprise social networks. Our findings shed light on the behaviors that capture the differences in social status and provide a statistically rigorous analysis to understand these phenomena.
Introduction
Social status refers to the relative rank (or position) that an individual holds in a society [1, 2] . For instance, an indicator of status in an enterprise setting could be the position that an individual holds in the company; and an indicator of status in a social media (such as Twitter, Facebook, etc.) could be the number of 'followers' or 'friends' one has. Social status is known to be one of the most important motivating forces in social behaviors, apart from economic incentive [3] . Achieving a higher status in a social network is often an incentive and motivating force in influencing an individual's behaviors [4, 5] . An individual with higher status is able to have more influence or control on the message, mission, or vision within an organization or society. Thus, the status of an individual within a network can help explain many social phenomena such as viral marketing or information diffusion, and also provide insights into the evolution of the social network.
However, the relevance of social network structure and social status has not been widely recognized or studied, especially from the perspective of communication channels (voice call, short message or email). Sociologists and computational social scientists have largely been limited on the interplay of social status and language signals [6, 7] , cognitive politics [8] , management science [9] , race perception [10] networks.
Inspired by the observations around the social structure and characteristics, and their potential to infer social status in a network, we develop a probabilistic graphical model to predict social status using the aforementioned characteristics as features. The proposed model, referred to as Factor Graph Model (FGM), associates a latent variable to each user in the communication network to represent her/his social status. We find that the presented model is possible to accurately infer as many as 93% of social users' status by leveraging the correlations between network structure and social status.
Results

Data Characteristics
We use three enterprise communication networks, including two mobile networks (referred to as CALL and SMS) from one Asian telecommunication company with 50 managers and 182 subordinates and the Enron Email network (referred to as EMAIL) with 155 manages and 22,322 subordinates. We indicate the relative ranks of users in the company as their social status, i.e., managers (M) as high status and subordinates (S) as low status. Please see Materials and Methods for additional details about the data.
Communication Behaviors
We first examine the communication patterns of each kind of staff within the company. Note, we are not looking at communication patterns outside of the company. We are only studying intra-company communication behaviors. Figure 1 shows the differences on four communication characteristics, including in-degree, out-degree, in-time, and out-time, between managers and subordinates from three different channels -CALL, SMS, and EMAIL -across two different companies. It is obvious that managers use mobile phone or emails more frequently than their subordinates. For example, on average, each manager makes almost 60 calls (out-time) to 20 receivers (out-degree) in two months, while each subordinate only makes 40 calls to about 10 people. We can also see that both managers' number of calls and number of receivers are almost three to four times that of a subordinate. We also compare the difference of various communication channels. Clearly, there is a larger gap between manager and subordinate in SMS than CALL behaviors. As for EMAIL, the communication differences on frequency between managers and subordinates become more extreme than mobile channels. Thus, the interactions by different communication channels across different organizations provide a potential to reveal the social status of users in networked communications.
We also studied duration of phone calls between the different staff and found no significant difference in the actual duration of CALLs between made by managers or the subordinates. We include this result in the Supporting Information (SI) - Figure S2 .
Social Status VS. Social Theories
Social status and the resulting patterns of communication characteristics, across the three different networks, give us an opportunity to study the interplay between users' status and their network influence via several well-known social theories, including structural hole, social balance, social tie, homophily and social clique. The observations from CALL, SMS and EMAIL channels unveil strong "rich club" phenomenon [22, 23] in enterprise networks. First, managers are much more likely to be spanned as "structural holes" in networks than subordinates. Second, they also maintain 3-8 times higher common connections compared to subordinates. Third, managers form more balanced triads than those by the subordinates. Finally, the social community among managers is much closer and denser than subordinates, which further demonstrates the "rich club" organized by high-status employees in enterprise [26] to estimate the likelihood of each node in the network to span as structural hole, and then categorize them into two groups based on the likelihood. We select the top 21% (the percentage of managers in mobile network) of individuals in the mobile networks (CALL and SMS) and top 0.67% users (the percentage of managers in the EMAIL network) in EMAIL Network as structural holes based on their HIS scores and the rest as ordinary users. Our conjecture is that if the status does not correlate with structural holes, the probability that structural holes are managers should be the same as the ratio of managers (21% in mobile and 0.67% in EMAIL). However, our analysis in Table 1 clearly shows that structural holes are more likely (70% in CALL, 55% in SMS, and 43% in EMAIL) to have higher status across the three networks. In other words, the structural holes extracted from enterprise communication network structure reveal the social status of staffs in their company. This can be explained by the fact that managers usually need to operate the responsibility of correspondents and organizers within the company, especially for the experience for connecting different departments or groups to cooperate.
Link Homophily. Homophily is the tendency of individuals to associate and bond with similar others [27] . The presence of homophily has been widely discovered in some form or another, including age, gender, class, and organizational role. Lazarsfeld and Merton argued that individuals with similar social status are more likely to associate with each other, which is called status homophily [27] . Particularly, we study link homophily [28] and test whether two individuals who share more common connections will have a tendency to have similar social status in the company. The average number of common connections by two managers are ranged from 12 to 17 in across the three networks from Figure 2 . Surprisingly, the number of common connections only reaches around two by CALL or EMAIL connections and six by SMS connections. As homophily phenomena gets more reflected among managers, we can contend that two users are much more likely to be two managers in the company if they share more common connections. The ability of creating and maintaining connections in enterprise networks are most obtained by managers, which could have the potential to further promote their status in companies, again highlighting the rich club effect.
Social Balance. Triad is one of the simplest grouping of individuals that can be studied and is mostly investigated by microsociology [2] . Given a triad (A, B, C), if A and B are friends and if A and C are friends as well, then social balance theory [29] suggests that B and C are also likely to be friends, which results in a balanced triad. Similarly it is also a balanced triad where A and B are friends, while B and C, and A and C are non-friends. The other structured triads are called unbalanced triads. An illustrative example is shown in Figure 3 . According to the social balance theory, a stable social network tends to be a balanced structure, that is, it comprises of balanced triads [30] . Here, we aim to test whether the enterprise communication networks also have balanced structures. We build two sub-networks that only contain mangers or subordinates respectively for each type of a network derived from each of the communication channels. Surprisingly, by further studying the sub-network among high-status or low-status users, we observe that clearly high-status users are more likely to form a balanced structure (two to four times higher balance ratio than low-status users) from Table 2 . The phenomenon coincides with the link homophily observation above. The relatively high status empowers the managers to connect with more people and maintain the relationships with the organization, enhancing the chance to promote their status.
Social Clique. Clique is a concept in both social sciences and graph theory. In social sciences, clique is used to describe a group of persons who interact with each other more regularly and intensely than others in the same setting [31] . Interacting with cliques is part of normative social development regardless of gender, status, ethnicity, or popularity [31] . Basically, people in a clique have strong connections with each other. Here we aim to examine how managers and subordinates form cliques and to which extent they are In addition, we also note the difference in the network properties between the two sub-networks in Tables 3, even though they belong to the same enterprise mobile network. Specifically, the cluster coefficient for sub-network (M) is two times higher than sub-network (S), which coincides with our observations above that the managers share more dense connections than the sub-ordinates in an organization. The correlations between social status and several social theories provide the evidence of "rich club" maintained by high-status users.
Social Status Prediction
We now consider the core problem: can we leverage the observations from communications behaviors to infer (or predict) an individual's social status? We propose to use several classical data mining models to infer social status, including Naive Bayes (NB), Bayes Network (BNET), Logistic Regression Classification (LRC) and Conditional Random Fields (CRF) [32] . We also propose a Factor Graph Model (FGM) to leverage the social theories to help status prediction. We use Weka 1 for NB, BNET and LRC methods. NB, BNET and LRC use communication attributes to train classification models and apply them to predict individual status. For CRF and FGM models, both communication and social features are used to infer the labels of users. We quantitatively evaluate the performance of inferring individual status in terms of weighted Precision, Recall, F1-Measure and Accuracy. Table 4 shows the results of four methods for inferring individual status in these communication networks. Clearly, our model FGM yields better performance than other alternative methods. In CALL network, we can find that FGM achieves about 85% F1-Measure scores and Accuracy. In the SMS network, both F1-Measure and Accuracy of FGM reach 92%. However, the text-messaging network seems to reveal more status differentials than the calling network. The prediction performance from EMAIL channel outperforms the other two mobile channels by 1-8% in terms of Accuracy. In summary, more than 85% social status of individuals can be inferred from their communication interactions among their colleagues. This prediction results further confirm our observations on communication behaviors and social theories are general across different companies, even with different communication channels (CALL VS. SMS VS. EMAIL). 
Discussion
Interactions within a corporate enterprise are representative of the artifacts of status of individuals in the enterprise. To that end, we studied and modeled the communication behaviors (call, message, email) of managers and subordinates in a corporation from microscopic, macroscopic and dynamic perspectives. We find that the managers (or the high-status individuals) in a corporate hierarchy congregate as a "rich club" phenomenon, maintaining denser and closer connections than the subordinates (or the low-status individuals) in the same enterprise. This phenomenon stood out with different social characteristics across the networks derived from different communication channels. This result also becomes evident from the larger social cliques of the managers. The structure of communication networks collected from different channels also suggested that the managers (high-status) are more likely to be spanned as structural holes and maintain more balanced social groups than the subordinates (low-status). The common connections also indicate the stronger homophily between the high-status individuals. The social groups maintained by high-status individuals are much larger and closer than subordinates, simultaneously, the social capital that managers owe are much more than subordinates based on their social circles.
Finally, we study to which extent the social status of individuals can be inferred from their communication network structure. That is, can the observed communication and social characteristics, from the respective networks, be used to develop a model for inferring the actual social status? This is an important experiment to lend an insight to predicting the status of an individual when the only observed information is the social network and the patterns of communication behavior. We proposed a factorgraph based model, and demonstrate that our model is able to achieve about 85% of predictive accuracy using the CALL network, about 92% of predictive accuracy using SMS, and over 93% of predictive accuracy using EMAIL. The performance trends clearly show that we are able to capture essential properties of social theories, which are general across different communication channels in different companies.
Detecting the types of social relationships and individual status makes social networks more colorful and closer to our real human networks. It represents a new and interesting research problem in social network analysis. In addition, how the inferred relationship and status can help other topics in social networks analysis would be also very meaningful, such as link prediction, influence propagation and community detection. 
Materials and Methods
Communication Network Data
The mobile dataset used in this paper is extracted from a large collection of call and text-message records, which span over two months. We construct mobile communication networks for all employees in a telecommunication company with 15 departments, where there are 232 staff, which include one CEO, four Vice Presidents, 45 department managers (each department has three managers) and 182 subordinates. However, the dataset provided for the study on contains only two levels of status (manager or subordinate) for each individual, resulting into two groups of managers (high-status) and subordinates (low-status). We construct two sub-networks for the mobile enterprise -one using the voice calls (CALL) and the other using the text messaging service (SMS).
The Email network is extracted from the Email communication logs of Enron Inc. [33] . It consists of 164,080 emails between 22,477 Enron employees, including 155 managers and 22,322 subordinates. Table 5 lists statistics of the three networks. cc is the average clustering coefficient, ac is the associative coefficient and cn denotes the number of components in the network.
Null Model for Different Social Status of Staffs
We use null model to validate the statistical significance of our social observations. A straightforward way to measure this is to compare the real values to the null model where the status of people is randomly assigned. We compare real data to 10,000 randomized cases where managers and subordinates are randomly shuffled. First, we simulate the random process of allocating status to users with the same rate in real data (50 managers and 182 subordinates of mobile networks, and 155 managers and 22322 subordinates of Email network) 10000 times for the underlying network structure. The difference on social observation x between empirical data x and the null modelx can provide the interpretation for the deviation. Then we verify the significance level of our observations on real data by t-test and report z score / p-value of each social observation. The z score can examine whether the null model is true, i.e., there are no distinctions between user status given the underlying communication network structure.
where µ(x) and σ(x) are the mean and standard deviation of the observations on null model. We expect the z score is large (small p-value), which indicates the evidence to reject the null model.
Factor Graph Model for Status Prediction
From the machine learning perspective, we could consider various social networking factors including individual-specific features and individual interaction-specific features. If we consider each individual as an instance in a machine learning model, we will speak of each individual as a relatively ranking position (such as manager and subordinate). If we assume that all data instances (individual-based instances) are independent, then some classification models such as Support Vector Machines can be used to train a predictive model. If we further consider correlations between the instances, we can consider the probabilistic graphical model, which is actually the focus of this prediction work. We consider Factor Graph Model (FGM) that models the individuals and their relationships. In the FGM model, the communication network G = (V, E) is directly transformed as a factor graph with each node as a individual and each edge as communication relationship between two individuals. For each individual node v i ∈ V , a hidden variable y i is introduced to represent the relative rank (social status) of the corresponding individual. For example, in our mobile network, we use each individual's position in a mobile company as the status, thus we can define two ranks for y to respectively represent manager and employee. Given some labeled training data (G, X, Y ), where X is the individual attribute matrix, the objective function can be defined as a log-likelihood function
where θ are parameters to learn from the training data. If we consider P (.) as an exponential distribution over various available features in the social network, we can formally define the log-likelihood objective function as:
where f k (x v , y v ) is the k-th feature defined over node v, f c (y u , y v , y w ) is the c-th correlation feature defined over each clique c uvw in the graph G, and Z is a normalization factor. For model learning, the task is to find a parameter configuration {θ} to maximize the log-likelihood objective function Eqs. 1, i.e.,
In this work, we use a gradient decent method (or a Newton-Raphson method) to optimize the objective function. Specifically, we first write the gradient of each θ k with regard to the objective function:
where E[f k (x v , y v )] is the expectation of feature function f k (x v , y v ) given the data distribution and
given by the estimated model. To solve the challenge that the graphical structure in the above two models can be arbitrary and may contain circles, which makes it intractable to directly calculate the marginal distribution P θ k (y v |x v , G) . we use Loopy Belief Propagation, due to the ease of implementation and effectiveness of it, to approximate the marginal distribution P θ k (y v |x v , G). Then we are able to obtain the gradient by summing up all the factor graph nodes. Finally, we update each parameter with a learning rate η with the gradient. Related algorithms can be found in [16, 34] .
With the estimated parameter θ, we can now assign the value of unknown labels Y by looking for a label configuration that will maximize the objective function, i.e.
Obtaining exact solution is again intractable. The LBP is utilized to calculate the marginal probability for each node in the factor graph. Finally, labels that produce the maximal probability will be assigned to each factor graph node. 
CALL in-and CALL out-time
SMS in-and SMS out-time
EMAIL in-and EMAIL out-time
• Structural hole: We define one binary feature based on this theory, i.e., we can define whether the user v is identified as a structural hole or ordinary user.
• Link homophily: For this theory, one real-valued feature is defined to represent their homophily (the number of common neighbors) between two users.
• Social balance: Four real-valued features are defined respectively to represent the proportions of the four types of (un)balanced triangles in the network.
• Social clique: We define a group (binary) feature for those users who belong to the same social clique.
Comparison Methods. We compare our proposed models with the four baseline methods: Naive Bayes (NB), Bayes Network (BNET), Logistic Regression Classification model (LRC) and Conditional Random Fields (CRF) [32] . We use Weka 2 for NB, BNET and LRC methods. NB, BNET and LRC use communication attributes to train classification models and apply them to predict individual status and signs of social ties. For CRF and our proposed two models, both communication and social features are used to infer the labels of nodes and edges.
Evaluation Metrics. We quantitatively evaluate the performance of inferring the type of social relationships and individual status in terms of weighted Precision, Recall, F1-Measure and Accuracy.
Our models are implemented in C++, and all experiments are performed on a server running Apple OS X Sever with quad-core Intel(R) CORE i7 CPU @2.60GHz (4 CPUs) and 16GB memory. Basically, we simulate the prediction process 100 times for each algorithm on each dataset, randomly re-choosing 10% of the data as training set and the rest 90% as test set. The standard deviations of all prediction results are less than 0.05. The efficiency of the proposed models is acceptable. The learning algorithm can converge in less than 20 iterations in all cases. The process of training and prediction only takes less than one minute in all networks.
Social Tie Prediction
In this work, we also transform this individual status prediction problem into a relation prediction problem [16, 35] . Specifically, the original social network is transformed into a graph of pairwise adjacent vertices and thus casts the problem to a sign classification problem for each pair of vertices, which is defined as follows. Relationship Prediction. Given a partially labeled network G = (V, E L , E U ) and X, the objective is to learn a function to infer the unknown sign of relationships E U , where E U stands for edges with unknown labels and E L is labeled edges. The sign is denoted by the related status between two users (+/-), '+' means one user has higher status than the other one on an edge, and '-' reversely. Model. In the FGM model for social status prediction, the communication network G is directly transformed as a factor graph with each node as a user and each edge as communication relationship between two users. We could also design the pairwise FGM (PFGM) model [28] by considering each relationship as an instance. In particular, a pairwise factor graph is constructed by viewing each relationship eij as a node and the edge between nodes represents some kind of correlation between two relationships. Then for each relationship eij , we associate a hidden variable yij ∈ {−1, 0, 1} to represent whether the source user vi has a higher social status than the target user vj (i.e., yij = 1); or vi has a lower status than vj (i.e., yij = −1); or they have the same status (i.e., 
where f k (yij , Xij ) is a feature defined between over the relationship eij (Xij is a subset of the communication logs which are related to users vi and vj ) and fc(yij , y ik ) is correlation feature defined between relationships eij and e ik . The learning algorithm and inference algorithm are similar to FGM model. Results. In Table 7 , we present the performance for inferring social ties for 3 cases in CALL, SMS and MIX networks. All the results represented are for the binary classification case, which can extract one type of relationship from other relations between every pair of staffs in the company. It can be seen that our proposed PFGM model significantly outperforms the comparison methods in all cases. PFGM model achieves a 1%-8% improvement compared with four other methods in terms of F1-Measture in CALL network, about 3% improvement in SMS network and about 4%-11% improvement in MIX network. As for Accuracy, PFGM outperforms 1%-8%, 2%-4% and 4%-10% compared with other methods in three networks respectively. Also, we can see that our PFGM, along with NB, BNET, LRC and CRF, achieves better performance in CALL network than in SMS network. And EMAIL network has similar predictive power to infer relationships with CALL network. Also, we conduct the experiments as a trinary classification for inferring social ties, which can predict the type of relationship (M-M, S-S, M-S) between every two staffs in the company directly. The results show PFGM also has better predictive performance than the other four models, although the overall predictive power of trinary case is lower than the binary case. For inferring both social ties and individual status, our proposed models have obvious advantages over other methods. One important reason is that both FGM and PFGM make use of the unlabeled data. Essentially, it further considers some latent correlation in the network, which can not be leveraged by using only the labeled training data. Another advantage of our models is that they detect some difficult cases by leveraging the influence of social theories. Next, we discuss the contribution of different factors in the models. 
How Do Social Theories Help Reveal Social Status?
We now analyze how different social theory factors can help infer individual status. We consider five social factor functions: structural hole (SH), social tie (ST), social clique (SC), link homophily (HO) and social balance (SB). First, we remove each particular factor from our model and evaluate the decrease of the prediction performance in terms of F1-Measure by FGM model. A larger decrease means a higher predictive power. Figure 5 (a) shows the average F1-Measure over CALL network, obtained by FGM. In particular, NSFG represents that we use all the social factors(structural hole, social tie, social clique, link homophily and social balance). It is obvious that the performance drops when ignoring each of these factors. We can see that for inferring status, the social balance theory factor is more important than other factors, because NSFG-SB drops more sharply than others. Link homophily factor contributes in the second place and structural hole factor takes the least contributions to infer social status. Then we consider the factor contributions by adding factors to the basic NSFG model (BASE) which only uses the communication features to train the model. In Figure 5 (b), we find NSFG+SB increases most significantly in terms of F1-measure, compared with others, which means social balance factor is the most influential factor for both cases. Basically, the quantity of contribution each factor makes in BASE+X coincides with the NSFG-X, including SH, SC, ST, SB. However, BASE+HO model does not show comparable contributions in removing case (NSFG-HO) compared with SC factor, because there should exist correlations between different social factors. The factor contribution analysis validates that our method works well when combining different social theories and each social factor in our models contributes to the improvement of performance.
Call Duration VS. Social Status
We also examine the call duration [36] and try to understand two questions. One is how the call duration reflects different properties of social ties between staff with different status, the other is how the duration distributions depend on the status of the communication users. From Figure 6 (a), we find that the average duration, which happens between two managers is the highest among four cases. If a subordinate calls a manager, it lasts a shorter duration. Figure 6 (b) tells us the similar pattern with tie duration, which is that the calls made by managers are a little bit longer than subordinates. Basically, the difference on call duration between managers and subordinates is not that obvious when comparing with communication attributes mentioned above.
